Great advances have been made in functional Magnetic Resonance Imaging (fMRI) studies, including the use of longitudinal design to more accurately identify changes in brain development across childhood and adolescence. While longitudinal fMRI studies are necessary for our understanding of typical and atypical patterns of brain development, the variability observed in fMRI blood-oxygen-level dependent (BOLD) signal and its test-retest reliability in developing populations remain a concern. Here we review the current state of test-retest reliability for child and adolescent fMRI studies (ages 5-18 years) as indexed by intraclass correlation coefficients (ICC). In addition to highlighting ways to improve fMRI test-retest reliability in developmental cognitive neuroscience research, we hope to open a platform for dialogue regarding longitudinal fMRI study designs, analyses, and reporting of results.
Introduction
The overarching question the field of developmental cognitive neuroscience attempts to answer is "What factors shape the development of our brain and behavior?" Functional Magnetic Resonance Imaging (fMRI) and neuropsychological research have provided a wealth of knowledge about the similarities and differences between child and adolescent brains compared to adult brains and their behavioral phenotypes (Casey et al., 2008; Blakemore, 2012; Crone and Dahl, 2012; Crone and Elzinga, 2015) . However, these brain-behavior relationships have largely been studied using cross-sectional designs, which may not accurately describe true developmental change 1 within individuals. To address this concern, the field of developmental cognitive neuroscience is moving towards implementing longitudinal study designs, which can better capture within-subjects differences across child and adolescent development.
The growing awareness of the advantages offered by longitudinal design is evident by an increase in the number of longitudinal fMRI studies published in children and adolescents (ages 5-18 years), with most of these papers published within the past 5 years. Moreover, additional studies are expected given the number of large-scale consortium projects that have been funded globally in recent years. These include population-based longitudinal developmental MRI studies such as the IMAGEN Project (PL037286) by the European Commission's 6th Framework Program (IMAGEN, 2007) (N = 2000; 14 year olds over 5 years) that began in 2007, the National Consortium on Alcohol & Neurodevelopment in Adolescence (NCANDA, 2014) (NCANDA; N = 800 high-risk youth; 12-21 year olds over 3 years), as well as the recently established Adolescent Brain Cognitive Development (ABCD) (ABCD, 2015) initiative supported by the National Institutes of Health in the United States (N = 10,000; 9-10 year olds over 10 years).
As longitudinal designs become more widely used in developmental fMRI studies, another consideration for the field is the need for a better understanding of the variability observed longitudinally in fMRI signals and its test-retest reliability in developing populations. Test-retest reliability is the consistency of an assessment tool to produce stable results with each use (Khoo et al., 2006) . That is, if an assessment tool is highly reliable, it will yield very similar results each time it is used, assuming there are no confounding factors during the interval of time between subsequent measurements.
In this article, we start with a brief overview of how longitudinal fMRI design and mixed effects modeling allow for more innovative approaches to studying individual differences in brain function across development. Next, we discuss the importance of test-retest reliability for task-based fMRI and summarize longitudinal studies that have examined task-based reliability, with a focus on how results from studies of children and adolescents with poor reliability metrics may be especially difficult to interpret. We conclude by reviewing existing approaches used to minimize factors that may contribute to poor fMRI test-retest reliability in developmental cognitive neuroscience research.
Measuring developmental change in task-based fMRI BOLD using mixed effects models
As detailed by a recent timely review (Crone and Elzinga, 2015) , cross-sectional studies have several limitations. For example, they are likely to suffer from cohort effects and are unable to assess causal factors. Longitudinal studies, however, allow for determining how much children and adolescents differ from one another (between-subject variance), but also how much a particular child or adolescent changes over time (within-subject variance) (Singer and Willett, 2003) . Below we present hypothetical data to exemplify longitudinal fMRI BOLD signal in each subject as a function of (measurable) intercepts and slopes using mixed effects models.
In regard to distinguishing within-subject change and betweensubject differences in task-related fMRI BOLD signal (either within a voxel or a region of interest (ROI)), mixed effects modeling (Fig. 1) is a powerful statistical method for studying how children and adolescents differ in how they change over time. Mixed effects modeling expands upon multiple regression for repeated-measures and uses random effects to differentiate between-and within-subject variance (Singer and Willett, 2003) . That is, this technique uses a random intercept and slope to model an initial state (i.e. intercept) and generate a linear growth trajectory of fMRI BOLD signal (i.e. slope; see Fig. 1 ) for each individual. It also evaluates how additional variables (i.e. sex, genotype, stress) may explain the intercept and/or slope of the fMRI BOLD signal over time (Singer and Willett, 2003) . In particular, the mixed effects model can be expressed as two-level models such that the full mixed effect model:
can be broken down into:
Level 1:
where i indicates individual i = 1,2,…,n; t ij represents follow-up time at visit j = 0,1,2, ….; a i and b i are random variations of the intercept and the slope of time, which are assumed to follow bivariate normal dis-
is random error. X is an additional matrix of time-independent covariates and can include multiple factors from X(1), X(2), …, X(p) (e.g. sex, genotype). Z ij is a matrix of timedependent covariates and also include multiple factors (e.g. stress or sex hormone levels). In other words, the Level 1 model refers to the withinsubject change model and describes whether time-dependent covariates Z are associated with the developmental changes (e.g. the variation within the individual over time) for each individual. The Level 2 model captures whether variations of the initial state (Level 2(a)) and the rates of change (Level 2(b)) across individuals are associated with variables of interest (e.g., X). With ≤3 timepoints per subject, only a linear Level 1 model can be fit to a single subject's data, whereas with more than 3
Fig. 1.
Longitudinal trajectories measured at the individual level and at the group level using mixed effects modeling. a. Level 1 Model: When the same child or adolescent is measured over time (e.g. age), individual parameters can be estimated that characterize the starting point (intercept) and the change (slope) of the fMRI BOLD signal for that specific subject (a.i.). Individual estimates of the longitudinal pattern of the fMRI BOLD signal will have greater precision when the number of timepoints is increased. With three timepoints, a simple linear model can be fit to estimate linear trajectory (a.ii), whereas with 4+ timepoints non-linear growth trajectories of a child or adolescent (such as quadratic and cubic) can be estimated (a.iii.). b. Level 2 Model: Linear (b.i.), quadratic (b.ii.) and cubic (b.iii.) between-subject estimates can be assessed if a large age-range of children and adolescents are included in the sample. In this scenario, including a wide age-range allows more complex models (i.e. quadratic, cubic, etc.) to be fitted at a between-subject level. c. i/ii/iii. With the inclusion of more timepoints, both linear (c.i) and non-linear (c.ii/iii) models can be fitted for both within-and between-subject levels.
M.M. Herting, et al. Developmental Cognitive Neuroscience 33 (2018) 17-26 timepoints, more complex shape trajectories (e.g. quadratic, cubic) can be used to examine within-subject changes over time ( Fig. 1 ). Using this model, both the intercept and/or slope can be either fixed or varied across individuals. A random intercept and fixed slope model allows for the intercept to vary (i.e. each child and adolescent differs in BOLD signal at baseline), but assumes that the slopes are fixed (i.e. each subject's BOLD signal trajectories are similar over time). A fixed intercept and random slope model allows for the slopes to vary (i.e. each subject's BOLD signal has different trajectories over time), but assumes that the intercept is fixed (i.e. each child has the same fMRI BOLD signal at baseline). A random intercept and random slope model provides the most flexibility, allowing both the intercept and the slope to vary (i.e. each child or adolescent has different fMRI BOLD signal at baseline and different longitudinal trajectories of BOLD signal over time).
To accurately and reliably estimate change (i.e. Level 2b; the slope parameter β i ) using mixed effect models, it is critical to minimize the measurement error term (ε). If the random measurement error variance is large compared to the inter-individual variation in the true change score, then the ability to reliably estimate the slope will be poor ( Fig. 2) . Alternatively, when the inter-individual variance in the true score is large compared to the measurement error, the change parameter estimate will be more reliable. Collecting more timepoints per person can significantly improve the estimates of change in the Level 1 model (Singer and Willett, 2003) . That is, the parameter estimates improve with the collection of additional timepoints (Fig. 2) . In fact, for any level of measurement error (i.e. high, medium, or low), increasing from 2 to 3 timepoints leads to a more reliable estimate of change β i .
To adapt this concept to developmental fMRI studies, consider the following example: the goal of a study is to examine how a child or adolescent's amygdala activity (e.g. BOLD signal) changes in response to emotional faces over time, and to determine how between-subject factors like biological sex (time-independent) and stress (time-dependent) influence longitudinal changes in neuronal activity. To accomplish this, the study utilizes an accelerated longitudinal design, which enrolls children at different ages at baseline and follows them every 2 years. Using mixed effect modeling, we may then answer the following set of questions:
1. What is the fMRI BOLD signal in the amygdala for a child at the beginning of the study (e.g. baseline) and does the BOLD signal of the amygdala change in that child over time? (Intercept and slope (Level 1)) 2. Is the fMRI BOLD signal different between boys and girls at baseline of the study (i.e. do the intercepts differ between subjects)? (Estimated by the parameter in Level 2 (a)) 3. Does the fMRI BOLD signal change differently between boys and girls over time (i.e. does the mean slope of time differ between boys and girls)? (Estimated by the parameter in Level 2 (b)) 4. Is the change in fMRI BOLD signal over time associated with the change in stress levels over time? (Estimated by the parameter in Level 1) 5. How does the baseline fMRI BOLD signal in the amygdala directly affect the longitudinal trajectory of the BOLD signal in children? (Treat baseline value of the fMRI BOLD signal as one of the timeindependent factors in X)
In this example, mixed effects modeling is a much more appropriate method than earlier and more commonly used methods like univariate repeated measures analysis of variance (ANOVA) and multivariate repeated measures analysis of variance (MANOVA). This is because (i) it can incorporate restricted maximum likelihood (REML) to handle incomplete (i.e. missing) data as well as irregularly spaced timepoints; (ii) it can estimate rate of change (slope) for each individual instead of average group slope, and (iii) it can assess how continuous and timevarying covariates, such as stress in this example, influence longitudinal relationships (Singer and Willett, 2003) .
Test-retest reliability of fMRI BOLD signal
As measured, the observed fMRI BOLD signal is comprised of both the true BOLD signal value plus error. Continuing with our previous example looking at changes in amygdala activity in response to emotional faces, let us assume that the fMRI BOLD signal in the amygdala for this task does in fact change within-subjects over time (e.g. with age) across childhood and adolescence. One can then characterize the Fig. 2 . The reliability of the change estimate (i.e. slope) increases with the number of timepoints collected per subject. σ 2 θ represents the between-subjects differences in true change (i.e. slope) and σ 2 ε represents the measurement error variance. Adapted from Willett (1989) .
M.M. Herting, et al. Developmental Cognitive Neuroscience 33 (2018) 17-26 change in amygdala BOLD signal as "true developmental change". To accurately measure this true individual developmental change, one must distinguish true developmental change from other sources of variability. Hence, our goal is to identify and adjust for variability from other sources that are not considered true developmental changes in the analyses. If the fMRI BOLD signal for a given task (e.g. emotional stimuli) in a specific ROI (e.g. amygdala) has poor test-retest reliability, this will affect the measurement error term during statistical testing (Level 1 model error term: ε ij ). If one does not consider test-retest reliability of the BOLD signal in developmental fMRI longitudinal studies, one risks conflating poor measurement reliability in attempts to characterize "true developmental change" (McArdle and Woodcock, 1997).
Intraclass correlation coefficient (ICC)
Test-retest reliability, or the consistency of the fMRI BOLD signal over time, can be measured quantitatively by computing an intraclass correlation coefficient (ICC) (Bennett and Miller, 2010) . The ICC equation is listed below in Eq. (2) (Shrout and Fleiss, 1979) .
between subjects between subjects pooled within subjects ( ) 2 2 2
(2) ICC assesses the similarity between two measurements; in this case it can be used to estimate the consistency of two measurements separated by time. Thus, ICC takes into account both the within-subject and between-subject variances in order to provide a ratio of the variance between subjects to the total variance. ICC values range between 0 and 1 and are commonly classified as poor (< 0.4), fair (0.41-0.59), good (0.6-0.74), and excellent (0.75-1) (Cicchetti and Sparrow, 1981; Cicchetti, 2001) . Higher ICC values reflect greater test-retest reliability, or a more stable measurement between two timepoints. For example, an ICC of 0.82 can be interpreted as 82 percent of the variance being due to "true" variance between individuals, whereas the other 18 percent of variance is due to measurement error and/or within-subject variability (Bartlett and Frost, 2008) .
It is important to note that ICC is distinctly different from a traditional Pearson's correlation. One key difference between these two statistics is that for ICC the data is centered and scaled using a pooled mean and standard deviation, whereas Pearson's correlation centers and scales each variable by its own mean and standard deviation. ICC also provides a more accurate estimate as it can differentiate both systematic variation and average consistency over time (Hunt, 1986) . As the ICC is strongly influenced by trait variance of sampled data, ICC measured for different populations might not be comparable. This is because between-subject and within-subject variance might be different for different sub-populations. For example, the sample might be different (between-subject variance) and/or the people might be changing differently within the sample (within-subject variance). As such, ICC should be estimated for each population separately, unless it can be verified that the between-subject and within-subject population variances are similar to previously published results.
Test-retest reliability of task-based fMRI in adults
Using ICCs, recent efforts have examined test-retest reliability of task-based fMRI BOLD signal in adults. Bennett and Miller performed a meta-analysis of 13 fMRI studies between 2001 and 2009 that reported ICCs (Bennett and Miller, 2010) . ICC values ranged from 0.16 to 0.88, with the average reliability being 0.50 across all studies. Others have also suggested a minimal acceptable threshold of task-based fMRI ICC values of 0.4-0.5 to be considered reliable (Aron et al., 2006; Eaton et al., 2008) . However, most of these studies consisted of small samples (N = 10-30) of young adults (e.g. Bennett and Miller, 2010; Brandt et al., 2013; Lipp et al., 2014) . Moreover, Bennett and Miller, as well as a more recent review (Dubois and Adolphs, 2016) , highlight that reliability can change on a study-by-study basis depending on several methodical considerations.
Besides general study design, Genovese et al. (1997) have outlined a number of methodical sources that can influence test-retest reliability in fMRI, which we have summarized and expanded upon in Table 1 . When designing an fMRI study, a number of these sources of variation can be standardized both between-subjects and within-subjects to improve test-retest reliability of results. Reduction in MRI scanner related variance, optimized acquisition parameters, as well as well-designed fMRI Herting, et al. Developmental Cognitive Neuroscience 33 (2018) 17-26 task paradigms all help to improve the signal-to-noise ratio (SNR) in the BOLD signal. In turn, the better our ability to increase the functional signal amplitude and decrease noise across timepoints, the better our estimation of the signal and its reliability over time (Bennett and Miller, 2010) . Temporal and spatial noise in fMRI often results from intrinsic thermal noise from the scanner and subject, system noise due to scanner hardware, artifacts from physiological processes of the subject, and variability of neural activity associated with non-task related neural activity. Thus, optimizing scanner sequences, reducing scanner artifacts, and ensuring system stability with phantoms should lead to better SNR (Huettel et al., 2004) and, subsequently, increase test-retest reliability.
Beyond functional SNR, the test-retest reliability of BOLD signal is also dependent on the fMRI paradigm. For example, in adult studies with only 2-3 days between timepoints, large differences in reliability have been reported for various fMRI tasks (i.e. motor, language, etc.) using the same sample of subjects (Gorgolewski et al., 2013a (Gorgolewski et al., , 2013b . ICC estimates also vary by fMRI task design, with greater reliability reported for block versus event-related fMRI paradigms (Bennett and Miller, 2013) . Moreover, reliability metrics are likely to vary by cortical regions for a given fMRI task. In a recent reliability analysis of a verbal working memory task in adults (8 participants, 2 scans per site, and 8 site locations), the proportion of variance explained by the person, the day, and the scanner site (and possible interactions) widely varied across 10 cortical ROIs (Forsyth et al., 2014) . Lastly, truly understanding test-retest reliability for task-related fMRI likely requires examining ICC values for each fMRI task condition as well as the fMRI contrast of interest. For example, task-based fMRI analyses examine the difference in BOLD signal between two (or more) task conditions, including a task of interest (Task A) and a control task (Task B), in order to subtract neuronal activity that is common between the two tasks and highlight neuronal activity that is task-specific. Thus, the importance of choosing an appropriate control task, and its consequences on the results and interpretation, has been previously acknowledged for functional imaging (Church et al., 2010) . Similarly, there is evidence that a contrast (one condition versus another) versus implicit baseline might lead to different reliability estimates (Bennett and Miller, 2013) .
Taken together, test-retest reliability of the fMRI signal is contingent upon optimization and standardization of the scan protocol, the fMRI task paradigm, and the ROIs. It is important to note, that ICC estimates for adult studies are based on short intervals between scans (one to several weeks)(e.g. Bennett and Miller 2010; Brandt et al., 2013; Lipp et al., 2014) , and that fMRI measurements that are taken closer in time are more likely to be similar. This is in stark contrast to task-based fMRI studies of children and adolescents, that often examine and report ICC values for test-retest reliability as part of a longitudinal study with a substantial delay between measurements. Thus, adult task-based fMRI ICC values may not generalize to longer time intervals and − more importantly − the reliability in child and adolescent samples may not be comparable to the reliability thresholds seen in adult samples. Furthermore, it is possible that BOLD signal reliability can differ substantially between specific developmental stages (e.g. children, adolescents, adults (e.g. Koolschijn et al., 2011) ).
Test-retest reliability of task-based fMRI in children and adolescents
While a number of longitudinal task-based fMRI studies on children and adolescents have been published, few studies have reported testretest reliability metrics for the task-based fMRI BOLD signal associated with the fMRI task paradigm. To our knowledge, ICC values have been reported for within-subject variance (Level 1 model) for 12 studies (Koolschijn et al., 2011 , Britton et al., 2013 Ordaz et al., 2013; van den Bulk et al., 2013; Braams et al., 2015; Paulsen et al., 2015; Qu et al., 2015; Vetter et al., 2015; Peters et al., 2016; White et al., 2016; Vetter et al., 2017) . Details on the respective samples, fMRI task paradigm, ROIs and contrasts of these studies can be found in Table 2 . Similar to adult studies, ICC values calculated over a pre-defined ROI have been shown to fall largely within the fair range, although with notable differences across fMRI task and brain region (e.g. Fig. 3 ). Reliability tends to be best (good to excellent) for occipital regions (Koolschijn et al., 2011; Vetter et al., 2015; Vetter et al., 2017) and fair to poor for subcortical regions, including the amygdala, nucleus accumbens, and putamen (Ordaz et al., 2013; van den Bulk et al., 2013; Braams et al., 2015; Qu et al., 2015; Vetter et al., 2015; White et al., 2016; Vetter et al., 2017) . However, it should be noted that when a voxelwise approach was performed (as opposed to an anatomically defined ROI), higher reliability estimates (excellent) were reported for BOLD signal in portions of the amygdala and para-hippocampus when using an emotional dot-probe task (Britton et al., 2013) .
Similar to adult studies, the reliability of the BOLD signal is task and contrast of interest specific in developing populations as well. That is, ICC values are different in the same ROI depending on the fMRI task and the contrasts of interest. In a recent study, Vetter et al. (2017) investigated reliability for three tasks (emotional attention task, cognitive control task, reward task) in the same sample of N = 104 adolescents at age 14 and again at age 16, with reliability estimates ranging from poor to excellent depending on the ROI and task. Whole-brain ICC estimates were larger for the inter-temporal choice paradigm (reward task), followed by the emotional attention task, and then the cognitive control task. Moreover, across all three fMRI tasks, good to excellent reliability was found for the superior occipital cortex, whereas ICC values for the other ROIs were variable by task condition.
One important point to note is that ICC reliability estimates from these longitudinal studies of development, which tend to have substantial delays between timepoints, are harder to interpret compared to adult fMRI BOLD reliability estimates. Similar to any outcome variable, the test-retest reliability of the fMRI BOLD signal can be influenced if the persons being studied change dramatically between the test and retest points (McArdle and Woodcock, 1997) . In adult studies of fMRI reliability, the duration between scans is shorter and ICC values can more easily be interpreted as how reliable the BOLD signal is for a given task. In longitudinal studies of children and adolescents, however, maturation may influence the magnitude of the BOLD signal as well as the specific brain regions involved in a particular task (which one might expect as a function of development across childhood and adolescence); this maturation over time should lead to lower ICC scores. Thus, lower test-retest reliability of BOLD signal in longitudinal studies may reflect 1) poor consistency of the fMRI measurement (BOLD signal) itself and/ or 2) that the subjects changed over time (which is what we hope for when studying age related development). To overcome this challenge of how to accurately interpret low reliability estimates, existing longitudinal fMRI studies have investigated the ICCs of different ROIs that are assumed either to continue to develop with age (e.g. subcortical and cortical areas: amygdala, prefrontal cortex) or to remain stable with age (e.g. occipital regions). For example, two studies have examined ICCs in various ROIs across groups of participants at different ages using taskbased fMRI paradigms (Koolschijn et al., 2011; Peters et al., 2016) . Koolschijn et al. (2011) compared reliability in 8-11 year-olds, 14-15 year-olds and 17-25 year-olds in a rule-switch task with a between scan interval of ∼3.5 years. Reliability estimates were different for each cortical ROI by age group when examining the BOLD contrast between the first warning of a rule change vs. positive feedback. Poor reliability was observed in all cortical ROIs for the 8-11 year-olds, but only in the insula for the 14-15 year-olds and only in the orbitofrontal gyrus for the 17-25 year-olds. For the remaining cortical ROIs (parietal, precuneus, angular gyrus, and anterior cingulate cortex), fair to good reliability was observed for both the 14-15 and 17-25 year-olds. Peters et al. (2016) employed a feedback learning fMRI task in participants with approximately 2 years between scans. ICC values for the BOLD contrast between learning vs. application trials were found to be poor in the superior parietal cortex for the 8-12 year-olds and in the dorsolateral prefrontal cortex for the 17-25 year-olds (Peters et al., 2016) . Table 2 ICC values reported in developmental task-based longitudinal fMRI studies. Reliability: poor (< 0.4), fair (0.41-0.59), good (0.6-0.74), and excellent (0.75-1) (Cicchetti, 2001) . Region approach: ICC calculated for 1) ROIs − anatomically derived ROIs, 2) fMRI ROIs − functionally derived ROIs, or 3) at a voxelwise level. Numbering within the ICCs/ROIs column highlights differences between age groups or fMRI contrasts for a given study. Herting, et al. Developmental Cognitive Neuroscience 33 (2018) 17-26 Alternatively, 13-16 year-olds had good reliability estimates for ROIs in the superior parietal cortex, supplementary motor area, and anterior cingulate cortex, whereas reliability was fair in these regions for the 8-12 and 17-25 year-olds. The differences in ICC between brain regions and/or age groups have thus been taken to represent greater developmental change. For example, in Koolschijn et al. (2011) , the lower reliability values seen in younger children was interpreted as possibly reflecting larger maturation processes over the 3.5 year interval than those individuals who began the study at 14-15 or 17-25 years old (since these groups were found to have higher reliability estimates over the 3.5 year interval). This approach of comparing ICC values assumes that brain areas that are "developmentally sensitive" (e.g. prefrontal cortex or amygdala) have lower ICC values, whereas "developmentally insensitive" brain regions (e.g. occipital lobe) have higher ICC values when fMRI BOLD signal is repeatedly measured across a large developmental window. While interesting, interpreting low reliability estimates of the BOLD signal from longitudinal designs with long delays between measurements as a 'proxy for development' (Koolschijn et al., 2011) , may be misleading. A number of other factors may lead to lower ICC values (see Section 4 below). The ICC of the BOLD signal at shorter delays is first needed to establish reliability for any given task and/or ROI, in order to accurately interpret a low ICC value as a proxy for development. However, to our knowledge, only three studies to date have examined task-based fMRI reliability at relatively shorter delays between measurements in children and adolescents. Van den Bulk (2013) assessed adolescents (ages 12-19 years) within three to six months of their first visit using an emotional face paradigm. Poor to fair reliability was seen in the amygdala and prefrontal cortex ROIs, but excellent reliability for an occipital control ROI. Two additional studies using the emotional dot probe task reported poor amygdala reliability in 39 adolescents with an approximate 9 week scan interval (White et al., 2016) , but good to excellent reliability in portions of the amygdala at a slightly longer delay of 121 days in 12 adolescents (Britton et al., 2013) . While it is feasible that maturation may happen on a shorter time scale, these mixed findings of test-retest reliability in children and adolescents suggest that the BOLD signal may be less reliable in general for these tasks and/or ROIs. If this is the case, these findings are in line with those of Plichta et al., who also reported low reliability in the amygdala for an emotional task in adults (Plichta et al., 2014) . Overall, test-retest reliability in task-based fMRI studies in children and adolescents are still scarce. Moreover, the meaning of low reliability in longitudinal fMRI studies with longer scan intervals should be interpreted cautiously given that reliability estimates of the BOLD signal itself and true developmental change are inherently confounded in these studies and difficult to tease apart. Poor test-retest reliability of the BOLD signal in longitudinal studies may reflect poor consistency of the fMRI measurement (BOLD signal) itself, represent true developmental change, or some combination of both.
Improving our understanding of test-retest reliability of taskbased fMRI in children and adolescents
Although they have been seldom reported in the literature, reliability estimates of task-based fMRI are very important in deciphering meaningful developmental changes. For the reasons highlighted above, future task-based longitudinal test-retest fMRI studies are warranted in children and adolescents to more fully characterize the reliability of the BOLD signal. In this section, we discuss factors that should be carefully considered to improve reliability and to ensure more reproducible and generalizable findings in developmental fMRI experiments.
Length of time between measurements
Without knowing if an fMRI paradigm will show similar test-retest estimates across a range of retest intervals, it is difficult to decipher the meaning of ICC reliability values based on the developmental longitudinal fMRI studies to date. When establishing the reliability of an . 3 . Test-retest reliability for different cortical ROIs in an emotional attention task. Image from adolescents scanned at age 14 and again at age 16 in a study by Vetter et al. (2015) . All regions are depicted on the rendered surface bilaterally (to show both sides). Yellow represents areas with poor reliability (ICCs: < 0.4) (medial prefrontal cortex, anterior cingulate cortex, bilateral inferior frontal gyrus and bilateral amygdalae); blue represents areas with good reliability (ICCs: 0.6-0.74) (right superior occipital cortex); green represents areas with excellent reliability (ICCs: 0.75-1) (bilateral fusiform gyrus, left superior occipital cortex).
fMRI task paradigm, an assumption is that the underlying fMRI construct for the paradigm does not change. Thus, in order for this assumption to be true in developmental populations, the length of time between test-retest reliability measurements has to be short. As mentioned, only 3 studies to our knowledge have examined reliability in a developmental sample within a short time frame (3-6 months) (Britton et al., 2013; van den Bulk et al., 2013; White et al., 2016) . Despite this short interval between measurements, these studies reported variable reliability estimates, including some very poor ICC values for both cortical and subcortical ROIs (van den Bulk et al., 2013; White et al., 2016) . These low reliability estimates for two closely measured timepoints could be due to a number of reasons (i.e. see Table 1 and see  below) . Alternatively, although perhaps less likely, it could be that the development of emotional-related attention processes may occur in as little as three to six months. This latter idea highlights the fact that the optimal time frame to capture test-retest reliability for task-based fMRI paradigms in children and adolescents is currently unknown. Given the dynamic neurodevelopmental trajectories of brain regions and cognitive abilities across childhood and adolescence, the duration between timepoints needed to reduce a developmental confound on reliability measurements is likely to vary depending on sample age and the cognitive or behavioral function being assessed by the task. That is, effects of true developmental change may be minimal in easy tasks (i.e. finger tapping) or baseline (i.e. fixation or rest) conditions compared to tasks that require higher cognitive and emotional processes that may continue to develop throughout childhood and adolescence. Even at longer delays, one might expect ICC values may be higher for control or baseline conditions as compared to other fMRI contrasts of interest. A short time interval of 1 day, 1 week, or 1 month would seem reasonable to minimize the confounds of "development", but empirical reliability data from developmental fMRI studies are necessary to determine the duration between timepoints needed for different fMRI task paradigms to assess reliability without also including developmental change in the outcome variable.
Practice effects, subject compliance, and cognitive strategies
Both practice effects and changes in cognitive processes to complete a specific task can directly impact reliability measurements in longitudinal child and adolescent studies. Practice effects can invariably occur in test-retest or longitudinal contexts as individuals over any age get the same tests over time. As a result, an individual's performance on a task, and subsequent brain activity, can be influenced by 1) familiarity with the actual test content, 2) familiarity with the MRI environment, or 3) improvements in cognitive or test-taking strategies. To reduce practice effects due to familiarity of test content, it is best to have alternative versions of the fMRI task paradigm that are counterbalanced across timepoints, such that the exact same test is not repeated and order effects are minimized (Beglinger et al., 2005) . Dealing with the practice effects due to familiarity with the test environment, or, in other words, a subject's habituation to being in an MRI scanner, is more difficult to control. To reduce the effect of this confound, many studies perform mock scanning to familiarize all participants with the MRI environment and/or collect physical and/or psychological markers of stress and anxiety. If there is a long interval between measurements, developmental processes (e.g. based on age) are also likely to result in better subject compliance and improved cognitive strategies for many cognitive and emotional tasks (Schlaggar et al., 2002; Church et al., 2010) . Thus, incorporating a control task into the study design could be useful, especially if it has the same level of difficulty as the task of interest but has little to no sensitivity to development. Moreover, direct assessment of cognitive development and strategy implementation could be assessed by examining changes in task performance as well as asking about strategies utilized during the paradigm. These measurements could then be used to see if they relate to reliability estimates within ROIs or task conditions (White et al. 2016 ).
Motion
Although the topic of motion is not specific to longitudinal taskbased fMRI, it still requires consideration in the context of understanding true developmental change and establishing reliability estimates. Unsurprisingly, motion compliance is one of the more difficult challenges to optimizing MRI signal-to-noise in developmental studies (Church et al., 2010) . It is well understood that motion has potentially devastating effects on reliability outcome measurements. For example, one study has quantified how motion impacts fMRI reliability measurements in adults (N = 10, age range: 50-58, reliability scans taken 2-3 days apart) (Gorgolewski et al., 2013a (Gorgolewski et al., , 2013b . Using two metrics of motion (i.e. total displacement and stimulus by motion correlations), it was shown that correlations between motion and stimulus presentation had large effects on reliability estimates (20-23% of the explained variance), and significantly decreased test-retest reliability (Gorgolewski et al., 2013a (Gorgolewski et al., , 2013b . However, the confound(s) of motion on task reliability may be especially problematic for longitudinal developmental fMRI studies (Power et al., 2012) . As children and adolescents mature they often show less motion during MRI acquisitions (Blumenthal et al., 2002) . With longer intervals between measurements, the subject may move significantly less at time 2 than at time 1, yielding higher SNR at time 2. Thus, with long intervals between fMRI measurements, factors such as age-related differences in SNR become inherent to the error estimates that are incorporated into reliability calculations. While substantial progress has been made in understanding motion-related confounds in cross-sectional and between-subject fMRI analyses, additional research is needed to determine how to best address the effects of within-subject changes in motion and their subsequent effects on fMRI test-retest reliability estimates.
Within-and between-subject registration of brain activation
Alignment of structural and functional images is imperative to ensuring meaningful within-and between-subject comparisons of brain activity. Specifically, poor alignment of brain regions will certainly lead to poor test-retest reliability, especially when examining ICC values at the voxelwise level or in smaller regions of interest. Importantly, common registration techniques for fMRI data are largely based on registration of structural brain MRI scans. During childhood and adolescence, brain structure, including whole-brain volume, cortical thickness, and sulcal topology undergo significant maturation (Vandekar et al., 2015; Mills et al., 2016; Tamnes et al., 2017) . Similarly, standard-preprocessing steps for functional data, such as the Gaussian smoothing kernel, can influence ICC values. For example, by increasing a smoothing kernel, both between-subject variance and error variance may decrease, which in turn may increase ICC estimates (Caceres et al., 2009) . Optimizing subject registration of structural and functional data across timepoints is therefore vital to estimating accurate test-retest reliability metrics in developing samples.
Statistical approaches to disentangle true developmental change and reliability error
Given the number of confounding factors mentioned above that may directly influence the fMRI BOLD signal over time, researchers may consider adopting a more complex study design and incorporating additional statistical approaches to 1) establish test-retest reliability estimates for a given fMRI task paradigm in children and adolescents and 2) to also correct for reliability error during statistical modeling of true developmental change. Specifically, it would be useful for future research to compare test-retest reliability of a task within a subsample using a short time interval (days or weeks) that is unlikely to be confounded by large developmental changes between measurements. After establishing reliability with a short time interval, these estimates can be used to correct error estimations of the fMRI BOLD signal in typical developmental studies with longer intervals (e.g. 1 or 2 years). In other words, for a given fMRI task paradigm, one may establish the test-retest reliability of the fMRI BOLD signal in a replication sub-sample of children or adolescents from the larger study sample. This fMRI data can then be used to derive the test-retest reliability of each task condition and for various brain ROIs. Using these newly established ICC estimates, a bias-correction formula can be generated to calibrate the longitudinal estimates of BOLD signal changes across development for a given fMRI task condition or brain ROI. This type of measurement error bias-correction approach has been widely used in psychological research to determine significant changes while controlling for the contribution of reliability of the metric. Similarly, by examining the ICC values of the BOLD signal for a given fMRI task condition, brain region (voxel or ROI), and population (age of interest), the random measurement error due to test-retest reliability can be estimated from the replication sub-sample and accounted for in the longitudinal analysis. For example, for a longitudinal fMRI study in children and adolescents that performs only a single baseline and one follow-up timepoint, a linear regression using the change model can be used to assess the relationship between baseline and change between the two timepoints (Blmoqvist, 1977) . A bias-correction formula including the reliability ratio can then be applied to improve the estimates of the BOLD signal to better estimate the relationship between BOLD signal at baseline and changes in BOLD signal over time. For multiple measurement occasions, including polynomial functions, measurement error in the repeated-measures can be estimated by the residual error of mixed effects models; as such, biascorrection formulas have also been developed for analyzing the associations between multiple factors and the longitudinal trajectory (Byth and Cox, 2005; Harrison et al., 2009 ; also see (Chen, 2013 ) for more detail).
Conclusions and future directions
When designing a longitudinal study, the most obvious recommendation is to choose fMRI tasks with high reliability based on your sample and question of interest. Moving forward, all task-based fMRI longitudinal studies should report ICC values, including the type of ICC and the confidence intervals for each ICC value, as part of their results. As the field progresses, it will become increasingly important to build a reference library of comparative reliabilities for different fMRI tasks across age groups. Although not all previously published longitudinal task-based fMRI studies in children and adolescents have reported ICC values, it would still be extremely useful for previous developmental task-based fMRI studies to provide ICC values for wholebrain or multiple ROIs to the scientific community and/or openly share their data through common data sharing platforms (i.e. https:// openfmri.org (Poldrack et al., 2013) ). By building a reference library of test-retest reliability reports, future studies will be better equipped to consider the reliability of the spatial location and BOLD signal for a priori ROIs during the study design phase. Of course, as newly designed fMRI task paradigms are being implemented in specific populations, then pilot studies will be necessary to estimate the ICC values of ROIs for the given sample (children, adolescents, with and without a clinical disorder) prior to study initiation. Ongoing and future longitudinal fMRI studies should also consider conducting reliability validation using sub-samples to correct for reliability error bias for the fMRI BOLD signal for a given task contrast and brain region. Overall, this is an exciting time for developmental neuroimaging as prospective longitudinal designs are becoming more widespread and will allow for greater insight into within-and between-subject differences in child and adolescent neurodevelopment. By considering the issues discussed in this review and taking steps to reduce test-retest reliability error estimates of BOLD signal, we will be able to more accurately elucidate true developmental change in brain activity using task-based fMRI.
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